The global financial crisis entails a renewed attention from financial institutions, academics, and practitioners to corporate distress analysis and its forecasting. This study aims to propose a model for predicting default risk based on a business failure index using rank transformation. The procedure suggested is able to capture firms' financial difficulties and forecast bankruptcy through the construction of a failure index based on some relevant financial ratios. By means of the estimation of failure probability, it allows to classify and predict business distress in time to take mitigating action. This procedure is evaluated by some accuracy measures on a sample of Italian manufacturing firms, and is found to be a suitable instrument for preventing financial distress.
number of firms) for the largest.
Such a technique has been examined for its statistical properties by Iman and Conover (1979) and by Conover and Iman (1980) when it is used in regression analysis and discriminant analysis. These authors proved that when rank transformations are applied, the results are robust and the procedure, compared to standard methods, is much less sensitive to outliers and/or non-normal distributions.
Moreover, rank transformations have been used successfully in many applications, among the other predicting corporate bond ratings (Perry et al., 1985; Perry & Cronan, 1986; Skomp et al., 1986) , assessing corporate strategic risk (Collins & Ruefli, 1992) , forecasting the likelihood of corporate failure (Perry et al., 1986; Kane et al., 1996) . Liao and Mehdian (2016) used the rank transformations for estimating an aggregate bankruptcy index based on five financial ratios, in order to predict the propensity of financial failure and corporate bankruptcy. They ranked individual financial ratios into deciles with the least distressed firms taking the value of 10, and the most distressed taking the value of 1. They assessed the robustness of the index, by comparing the predictive accuracy of their approach and that of the Altman's Z-score.
This methodology offers a good alternative method when it is involved in assessing and predicting the likelihood of corporate failure since there are several advantages. Firstly, it avoids the restrictive normality assumption. Secondly, the multicollinearity among the financial ratios can be avoided because this approach is non-parametric. Finally, functional form is not imposed on data set.
Moreover, the rank transformation has some important distributional properties, that should improve the usefulness and the robustness of failure prediction models. Among these properties, it is worth recalling that ranked variables are uniformly distributed, with zero skewness and, in many cases, improved kurtosis as compared to the untransformed variable. Then, scaled ranks are also naturally bounded between 0 and 1.
Thanks to the advantages and the distributional properties mentioned, rank transformations appear capable of reducing the influence of outliers and non-normal distributions while preserving general form. Moreover, the result is a robust procedure that, compared to standard methods, is much less sensitive to outliers and/or non-normal distributions. Then, the use of rank data has been shown to improve fit and be less biased than linear models with untransformed data (Lertwachara & Boonchoo, 2006) . Therefore, their usage is suggested to improve robust failure prediction models, such as logistic regression, without the need for other conditioning methods, such as truncation and winsorization, that necessitate the loss of data and/or limitation of the relevant range .
Because of all this, our study aims to apply rank transformations to financial ratios for estimating a business failure index that can be used as a measure of firms' global performance in order to improve the predictive usefulness of standard failure prediction models. In particular, the aggregate index computed takes into account a larger number of ratios compared with those considered in Liao and Mehdian (2016) , so that it is possible to capture which ratios are more likely to influence the risk of failure. Moreover, for comparison and assessment of the robustness of our approach, we estimated the distress probability by logit regression, using the same set of financial ratios to compare the predictive accuracy of two approaches.
The remainder of the article is structured as follows. Section 2 will illustrate the research methodology, introducing the data used and showing the proposed approach, while Section 3 will present and discuss the main results. The last section will conclude, also drawing the limitations of the study and further developments of the research.
Research Methodology

The Data Source and Explanatory Variables
In this study, the data refers to a sample of Italian manufacturing firms and the information is collected from the Orbis database, managed by Bureau van Dijk, for the period 2007-2015. The Italian context is chosen as a representative case of the European civil law-based countries, whose legislation is inspired by the ancient Roman law. Indeed, Italy can be considered as one of the founding fathers of the modern legislation of the continental European countries (Bisogno & De Luca, 2014) .
Since business failure can be defined in many different ways and there is not a unique and widely accepted definition (Crutzen & Van Caillie, 2007) , this study focuses on the bankruptcy proceedings as defined by the data provider: "bankruptcy is a legally declared inability of a company to pay its creditors. The company is in the process of bankruptcy. The assets are being sold in order to repay the creditors. At the end, the company will be dissolved and will no longer exist." ijef.ccsenet.org International Journal of Economics and Finance Vol. 11, No. 1; 2019 When collecting the data, companies with full information for all years before the occurrence of the bankruptcy have been considered. Secondly, a sufficient number of comparable companies of similar size in the same industry for comparison of the bankrupt and non-bankrupt cases should be available.
Since a significant difference between the number of bankrupt and non-bankrupt cases could lead to a severely imbalanced classification problem and a degradation in the final prediction performance, we collect the same number of bankrupt and non-bankrupt units by a stratified random sampling with stratification on default indicator (Altman, 1968; Platt & Platt, 2002) . The firms within each group are selected at random.
The independent variables are calculated using data from the financial statements of firms included in the sample. Since no single theory could serve as a guide to select explanatory variables to predict bankruptcy, this study only considers the set of financial ratios from the list available from the data provider, checking that they have some effects on business failure and have been used in studies on bankruptcy prediction. Moreover, we excluded those ratios for which the information needed to calculate them is missing. Table 1 shows the variables with the area they belong to and the formula used to compute them. 
Methodology
The methodology of this study involves the construction and estimation of an index, which ranks firms based on their relative position, using financial ratios as inputs. Based on the rank transformation, we propose to estimate a bankruptcy index, that takes into account the relative position of units in the ordered sample with respect to all financial ratios considered. In more detail, the proposed approach consists of a few steps. Initially, after computing the percentiles of financial ratios, the firms are classified by looking at the variables' ranks compared with the percentiles. A failure index is then computed, and since the aim is to estimate the probability of default, the logistic regression is applied to take into account the effect of the index on the likelihood of failure. Thanks to the regression estimates, some accuracy measures are computed in order to test and validate the procedure.
The logistic regression is one of the most used methods in business failure studies for estimating the default probability. In particular, it is an extension of simple linear regression and is used to study and predict the relationship between some predictors (in our case, the financial ratios and/or the business failure index) and the dependent variable that is binary (in our case failure vs non-failure) (Harrell, 2001 ).
Actually, an aggregate index could be useful in order to determine the overall position of each firm, at the same time obtaining a ranking of the different entities in term of financial health (Cabaleiro et al., 2013; Liao & Mehdian, 2016) . Furthermore, using many indicators separately could be too costly and problematic to manage, while a composite indicator can easily summarise multi-dimensional issues, supporting decision-makers (Saisana & Tarantola, 2002) .
In more details, let X = {x ij , i = 1, … , n; j = 1,…, p} be the data matrix that contains the firms' information on input variables, where n is the number of sampled firms, and p is the number of financial ratios.
In the first step the percentile matrix of covariates P = {p jk , j = 1, …, p, k = 1,… , K}, where K refers to the number of ijef.ccsenet.org
International Journal of Economics and Finance Vol. 11, No. 1; 2019 percentiles to compute, e.g. K = 4 for quartiles and K = 10 for deciles, is built.
In the second step, the companies are ranked according to their variables' values compared with the percentiles. For example, if k = 10 (i.e. the deciles are calculated), firms take a value of 10 if they are the least distressed, and they take the value of 1 if they are the most distressed. Therefore, the ranking matrix given by R = {r i j , i = 1,… , n; j = 1, … , p}, where
In the third step, the ranks are then summed up and scaled by a factor of (K * p) to obtain an aggregate index I i for each subject:
The index is within a sample measure that ranks firms based on their financial position, and is calculated over time to discriminate between bankrupt firms and non-bankrupt firms. The estimated index ranges between 0 and 1. The higher the index for a given firm, the lower the financial distress and the probability of bankruptcy of that firm.
Since the financial ratios belong to four areas according to the aspects of firms' structure which they refer to (Table  1) , the failure index for each group is also computed.
Let p g be the number of variables in group
Therefore, the index for the generic group g is given by:
where is the percentile of variable j belonging to group g for the i-th firm.
The global failure index is then given by
It can be shown that the two equations (1) and (3) give the same results since they are the linear transformations of the variables.
After computing the index, we estimate the default probability by a logistic regression where the regressors are the index of all groups, and we compute some accuracy measures, that will be discussed in Section 2.3.
Evaluation of Model Performance
To assess the validity of our proposed approach, we compute some measures, that are easy to interpret and provide an immediate magnitude of the capacity of model's prediction and forecasting. Based on the classification matrix ( (FN + TN) ). In addition to these metrics, we also evaluated the area under the ROC curve (AUC) (Engelmann et al., 2003; Fawcett, 2006) . These measures are computed for validating the proposed approach and evaluating its prediction ability.
The data for building the index is chosen from any time period prior to a certain date, and validation data are selected from time periods only after that date. Because approach validation is performed with out-of-time samples, time dependence can be detected using different validation sub-samples. In particular, the sample is divided into two sets. The first one (in-time) is used for testing the procedure and building the index and consists of all firms that are active and bankrupted at year t; the second set (out-of-time) is used for evaluating the prediction goodness and consists of all firms that are active and bankrupted in year t + 1.
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International Journal of Economics and Finance Vol. 11, No. 1; 2019 Table 3 shows the scheme of sampling used for validating the proposed approach and assessing its forecasting ability, where X (t) and X (t + 1) are the in-time and out-of-time sets, respectively. The in-time samples are displayed in bright grey, while the out-of-time sets are colored in grey. Three prediction windows are considered: 1-year ahead, 2-years ahead, and 3-years ahead.
Since the number of non-bankrupt firms is much higher than that of bankrupted firms and this significant difference could lead to a seriously imbalanced classification problem and a degradation in the final prediction performance, for all in-time and out-of-time sets, we use the method of stratified random sampling with stratification on the default indicator (Altman, 1968; Platt & Platt, 2002) to collect the same number of bankrupt and non-bankrupt cases. The firms within each group are selected at random. 
Empirical Results
Results by Period for Validating the Approach
In this section, we analyze the results achieved using the scheme shown in Table 3 , to study the efficacy of the failure index and validate the approach, by evaluating the accuracy measures described in Section 2.3. Since we adopted a stratified random sampling in order to have the same number of bankrupt and non-bankrupt firms, for each window the samples are generated for 100 times, then the metrics are calculated for each replication, and their mean is then evaluated. Tables 4 and 5 show the accuracy measures for the in-time and out-of-time sets. Looking at the true positive and true negative rates (TPr and TNr), it can be noted how the suggested procedure is able to classify correctly both failed and unfailed firms. Moreover, looking at the values for the out-of-time sets, they increase when approaching at the year of bankruptcy, i.e. when the prediction goes from 3 years before bankruptcy to 1 year before the event of interest. This is also confirmed looking at the predictive values (PPV and NPV). Moreover, to test if the procedure is efficient for predicting the failure, we check if the AUC values are higher than 0.50, as the greater of the AUC, the better of the prediction model. Usually, a value of AUC between 0.5 and 0.7 means poor prediction model, a value ranging from 0.7 to 0.9 represents moderately better predictability, and a value between 0.9 and 1.0 presents the high predictability of the model. In our case, AUC is around 0.80 for the in-time sets and higher than 0.80 for the out-of-time samples, and therefore our procedure has a good predictive performance. 
Comparison of Results for the Two Procedures
In this Section, we compare the forecasting ability of our proposed index and the procedure based on the original data. In order words, the default probability estimated by logistic regression where the independent variables are the index of all areas is compared with that computed when the regressors are the original variables. The evaluation is made by considering the same three-time windows considered in Section 3.1. Also in this case, since each sample is generated 100 times, the accuracy measures described in Section 2.3 are computed for each replication and the in-time and out-of-time samples, and their mean is then calculated. Tables 6 and 7 show the results of comparison for the in-time and out-of-time sets, respectively. The results show that the proposed procedure has good performance. In fact, all measures of our proposed index are higher than those of the original data. This is true not only for the in-time sets used for building the index, but also for the out-of-time samples useful for evaluating the forecasting ability. In particular, our index seems to be better when the prediction is two or three years before the event of interest. Instead, our procedure does not make a significant improvement if compared with the procedure based on the original data, when the forecasting is one year ahead. Therefore, it seems that considering an aggregate index could be a good early warning instrument, adequate to give an alert before the occurrence of the event of interest. 
Discussion and Conclusion
The global financial crisis of the last decade has increased the attention of scholars and policymakers on the importance of having warning signals to predict financial distress of firms in time. Several models have been proposed by scholars, building on the seminal papers of Beaver (1966) and Altman (1968) .
The vast majority of these models can be labeled as parametric. However, as observed, parametric-based bankruptcy approaches suffer different limitations, such as: (i) the estimated discriminant coefficients are prevalently considered as constant; (ii) the potential multicollinearity problems between financial ratios are not taken into consideration while estimating the discriminant function, and the selection procedure adopted to reduce multicollinearity may lead to a misspecification of the model, because of the exclusion of potentially relevant ratios; (iii) the variables utilized are supposed to be normally distributed, and this is quite a restrictive assumption.
On the other hand, adopting non-parametric approaches, such as Data Envelopment Analysis (DEA) or artificial neural networks, may lead to different drawbacks; for example, DEA does not allow testing the statistical significance of coefficients, as it is not a stochastic approach.
Accordingly, scholars have suggested adopting a different approach, based on an aggregate index to predict corporate failure; for example, Liao and Mehdian (2016) have documented the higher predictive ability of their ijef.ccsenet.org
International Journal of Economics and Finance Vol. 11, No. 1; 2019 model compared to the classical multivariate discriminant analysis of the Altman (1968) Z-score model (they used the same five ratios used to build the Altman's model). However, Liao and Mehdian (2016) call for further research to assess the applicability of this approach.
This study has implemented this kind of approach, building a business failure index using rank transformation. Concretely, the aggregate index proposed in this paper has been computed by taking into account a larger number of ratios compared to those included in the model of Liao and Mehdian (2016) , with the aim to capture several dimensions of the global financial condition of distressed firms (profitability ratios; operational ratios; structure ratios; per-employee ratios). In so doing, the model proposed in the current study, on the one hand, takes a global and holistic view; on the other hand, it facilitates the interpretation of potentially harmful and warning signals, by aggregating the multiple dimensions expressing the global performance of a firm in a single index.
Results emerging from this study demonstrate that the procedure based on the failure index shows a good capability of predicting the bankruptcy not only one year before the event, but also two and three years ahead. Moreover, to test the predictive ability of the model, a comparison with a classical logit regression has been carried out, using the same set of financial ratios adopted to build our aggregated index. Findings highlight the higher predictive capability of the proposed approach compared to the logit regression model, providing firms with a methodology to be used to capture early warning signals of distress.
From a theoretical perspective, this study contributes to the academic debate concerning the ability of forecasting models to predict financial distress, adding a new insight by assessing the applicability of aggregated indices. At the same time, it proposes an easy-to-apply model, through which stakeholders, such as financial institutions, investors, creditors and so forth, can monitor the evolving situation of the firm they are interested in. Actually, as underlined by scholars (Bellovary et al., 2007; Bisogno et al., 2018) , implementing more and more complex models based on a high number of financial ratios does not lead to a higher predictive ability necessarily. The deserving attention issue is to provide managers, stakeholders and policymakers with straightforward approaches through which capturing trigger signals of incumbent distress. As underlined by Bisogno and De Luca (2014) , a temporal approach should be adopted when examining the financial condition of a firm, taking into account the dynamic nature of the business failure, which evolves over time.
Therefore, our study can also provide implications for practitioners. Indeed, implementing warning and easy-to-understand signal procedures to detect financial risk and potential failure in time would support prompt interventions. Firms experiencing financial difficulties could have a second chance, implementing rescue remedies to solve troubling situations. Alternatively, if there are not concrete possibilities to restart the business, a bankruptcy proceeding can start promptly, avoiding losing value and reducing the so-called indirect costs of bankruptcy (Bisogno & De Luca, 2012) . Bearing in mind that the aggregate index implemented in this study is computed by transforming the variables into ranks, so that the firms are classified according to their position in the predictors' ranking, the model proposed in this article can provide a clear and easy-to-interpret tool to assess the financial condition of firms.
Following this line of reasoning, it is worthy of notice that the procedure proposed in this study is in line with a recent EU Directive proposal, based on the identification of early warning systems, in order to unveil potentially successful rescue remedies. This proposal aims to make timely interventions easier, at the same time harmonizing legislation between the member countries. This study comes with a number of limitations that can be further addressed in subsequent studies. Firstly, a more complete set of financial ratios could be considered, in order to check which of them have effects on business distress and the failure index. Secondly, another important issue is to identify an optimal cut-off point of the index in order to classify the firms into the two groups, without estimating the logistic regression. Finally, since other studies consider that firms can exit the market for several reasons, such as bankruptcy, liquidation, merger & acquisition, and so on (Schary, 1991; Bhattacharjee et al., 2009; Amendola et al., 2015) , it might be worthwhile to consider all possible exits in order to build an index able to capture the differences between distress kinds.
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